A ccurate quantification and qualification of forest resources is crucial not only because resources can be managed wisely if timely and accurate information is provided to a land manager but also because the information derived from a forest resource assessment is important to the economic development and sustainability of any forestry-based community. Prior quantification and qualification of forest resources in East Texas have relied on measurements taken at field plots recorded by either the Texas Forest Service or the US Forest Service via the Southern Forest Inventory and Analysis program. However, for field plot measurements to be effective with respect to time and cost, plots must be physically located and data must be collected and analyzed in a timely manner. Inaccessible or remote areas, required to validate sampling procedures, may prove difficult to measure.
Satellite-based remote sensing, which has the ability to acquire information about Earth's resources from a distance, can provide a land manager accurate information concerning forested resources in a more timely manner because of its high temporal resolution and synoptic perspective (Campbell 2002) . Satellite-based remotely sensed data for natural resources, available since 1972 (Lauer et al. 1997) , can provide a historical perspective of resources, as well as forest composition maps (Jensen 2005) , forest age class assessments (Sader et al. 2003) , and biometric measurements, in a timely and repetitive manner (Lefsky et al. 1999) . Products derived from satellite imagery provide a land manager not only with specific information concerning land cover, age class distributions, and site-specific biometrics but with the spatial extent and interconnectivity of these crucial resources.
Methods
This study was undertaken to assess the value of remotely sensed satellite data for rapid assessment of forest resource attributes in East Texas. Specific project objectives, adopted from a pilot study in Mississippi (Londo et al. 2001 , Parker et al. 2005 , were to develop a methodology for mapping the forest resources of East Texas into current forest composition by cover type and classification of forest classes by age class distribution. Constraints for the derived methodology dictated that quantification of forest cover types and age class distributions must be derived using standardized and readily available data, must be repeatable in a timely manner, and must be cost-effective.
The remote sensing methodology was tested in a four-county area of East Texas encompassing Nacogdoches, Angelina, Shelby, and San Augustine counties. The remote sensing-based methodology was divided into two distinct phases. Phase one involved the production of a forestland cover map, and phase two involved creation of an age class distribution map stratified by forest cover type for the four-county area.
Phase One
Twenty-two geometrically corrected Landsat scenes, consisting of 2 Landsat ETMϩ scenes, 11 Landsat TM scenes, and 9 Landsat MSS scenes, encompassing the four-county project area were acquired from the US Geological Survey's EROS Data Center in Sioux Falls, SD. Scenes acquired involved obtaining leaf-on (summer) and leaf-off (winter) scenes approximately every 5 years from 1974 through 2002. Dates for image acquisition included 2002, 1997, 1992, 1987, 1984, 1980 and 1974. A visual assessment of each image was performed to determine image quality and to verify general geometric accuracy. A combination of winter and summer scenes was used to produce a composite image per average 5-year cycle to aid in classification differentiation of hardwood areas.
Each image was radiometrically corrected via histogram subtraction to decrease atmospheric haze and provide the classification software with imagery representing a truer spectral signature of feature objects (Teillet 1986 , Jensen 2005 . In addition, any clouds present in the imagery were removed and replaced with clear imagery from a similar acquisition date and solar zenith angle.
All imagery was acquired precision terrain corrected to the Universal Transverse Mercator coordinate system using a 30-m pixel. Verification of image registration was obtained via a visual assessment by comparing each image, assumed to be the most current leaf-off scene from 2002, to a project base map composed of Texas Digital Orthographic Quarter Quadrangles from the Texas Natural Resources Information System Strategic Mapping (StratMap) program, at 30 systematically chosen points within each image. In addition, to minimize confusion in the classification process between rural and urban forest cover types, all pixels falling within an urban environment were masked using shape files obtained from the StratMap political boundary data set to increase classification accuracy.
Summer and winter scenes for 2002, representing the most currently available data for the study area, were combined to create a composite image that then was classified into 100 initial classes using unsupervised classification methodology (Jahne 2001 , Campbell 2002 , Jensen 2005 . Constraints in the classification procedure called for 100 classification clusters, a convergence threshold of 97.5% and 50 iterations to ensure that the convergence threshold stopped the iterative self-organizing data analysis technique classification procedure and not the number of classification iterations. The 100 initial classes then were recoded to represent five distinct cover types of interest: nonforest, regeneration, pine, hardwood, and mixed pine-hardwood forest in the project area (Figure 1) . Table 3 . Non-site-specific accuracy assessment report for the 2000 four-county base map.
County and Cover
Acreage in 1,000s Accuracy of the 2002 baseline cover type map was assessed through a traditional site-specific error matrix by comparing in situ land cover assessment with corresponding land classifications at 518 stratified points in the four-county area (Congalton et al. 1983 , Congalton 1991 . To verify classification methodology and to assess relative accuracy of overall acreage (hectares), a non-site-specific assessment described by Campbell (2002) was performed by comparing classified forested acreage totals to forest acreage assessment data obtained from US Forest Service Forest Inventory and Analysis (FIA) program for the four-county area.
Phase Two
In addition to creating a base map consisting of present land cover, the age distribution of each land cover category is also of paramount importance to any land manager. The physical creation of an age class distribution map for each forestland cover type derived in the 2002 land cover base map (i.e., pine, hardwood, and mixed pine-hardwood) involved first combining the winter and summer scenes for each approximately 5-year interval, represented by image acquisition dates (i.e., 1997, 1992, 1987, 1984, 1980, and 1974) . Once combined per approximately 5-year interval, each combined image then was classified into 100 initial classes using traditional unsupervised classification methodology (Jahne 2001 , Campbell 2002 , Jensen 2005 . Constraints in the classification procedure called for 100 classification clusters with a percentage breakdown of 97.5% and 50 iterations to ensure that the number of iterations stopped the iterative ISODATA classification procedure.
Once classified, all 100 initial classification categories then were recoded into two unique classes, creating binary maps representing forest (value ϭ 1) or nonforest (value ϭ 0) pixels. The binary maps of forest/nonforest pixels for each approximately 5-year interval, as well as the 2002 baseline forest cover type map recoded to a forest/nonforest bitmap condition, were then imported into a spatial model created to identify the age of each individual pixel (ERDAS 1997 ). The spatial model identified the age of each pixel through Boolean manipulation, whereby if the value of any given pixel location remained a constant value of forest over time (value ϭ 1), pixel age then must be equal to or greater than the date of the oldest available satellite imagery for the project. Conversely, if a mid-aged pixel was identified as a nonforest pixel, the spatial model via Boolean manipulation would identify the age of that pixel location as the age associated with the next available date for a forest pixel for that given location (ERDAS 1997) .
The spatial model, via its Boolean manipulations, created seven age class distributions within the project area corresponding to the approximately 5-year intervals. All seven age classes then were recoded to create five age class distributions representing age classes that best represent the growing stages of forest resources in East Texas. Final age class distributions represented forest conditions less than 5 years old, 5 to less than 15 years old, 15 to less than 22 years old, 22 to less than 28 years old, and greater than or equal to 28 years of age. In addition to creating five distinct forestland cover age classes, the spatial model also was written so that the most recent forest binary map from 1997 was combined with the nonforest land cover portion from the 2002 land cover base map to derive a forest regeneration category. These were defined as areas considered forest in 1997 but classified as nonforest in 2002.
The 2002 baseline land cover map was combined with the map of five distinct age classes of forestland cover to derive a final age distribution per cover type that encompassed 19 classes: urban, water, nonforest, regeneration, and five unique age classes per pine, hardwood, and mixed pine-hardwood forest cover type (Figure 2 ). The accuracy of the age class distribution map was assessed through a traditional site-specific error matrix by comparing in situ age assessments with corresponding Boolean-derived age at 518 stratified points in the four-county area (Congalton et al. 1983 , Congalton 1991 .
Results and Discussion
Results from the phase 1 land cover classification indicated that the four-county project area encompasses 2,096,041 ac (848,600 ha), with pine being the dominant forest cover type in each of the four counties, encompassing 862,320 ac (349,117 ha) or 41.41% of the land cover within the fourcounty study area (Table 1 ). The site-specific accuracy assessment indicated that the 2002 land cover map had an overall accuracy of 72.78%; variable user and producer accuracies per individual cover type ranging from 13.51 to 100%, and a statistic of 62.51%, suggesting that the accuracy of the baseline map was 62.51%, better than one would expect by chance (Table 2) . Results from the non-site-specific accuracy assessment by comparing the 2002 classified map data with FIA inventory assessments indicated that the 2002 baseline forest acreage was within 4.4% agreement with 1988 FIA acreage (Table 3) . Results from the phase 2 age class assessment indicated that pine was the dominant cover type within each county and that the overriding age of the majority of any given forest cover type was greater than or equal to 28 years (Table 4) . Results from the site-specific age class accuracy assessment indicated that the age class distribution map had an overall accuracy of 58.69%, variable user and producer accuracies per individual age class ranging from 11.43 to 100%, and a statistic of 45.82%. This indicated that the accuracy of the age class distribution per cover type classification category was 45.82%, better than one would expect by chance but not sufficient for land managers to have confidence in the results at the local level and in particular with stands less than 28 years old (Table 5) .
In addition to land cover classification and age class assessment, value-added analysis to provide a land manager with information relative to site-specific decisions involved stratifying the acreage within each cover type by age between inside and outside national forest boundaries to ascertain location differences in forest cover types and age by administration boundaries (Table 6) . Results indicated that 389,720 ac (157,781 ha), or 26.7% of the 1,458,236 ac (590,378 ha) of forestland in the four-county study area, lies within the boundaries of the Angelina and Sabine National Forests. Within the two national forests, 241,499 ac (97,773 ha), or 61.9%, of national forestland was classified as forest at least 28 years old. This is consistent with historic forest management for these areas.
An analysis of acreage between federal land and nonfederal land (Table 7) indicated that pine forest occupied 78.05% of federal land, with hardwood forest occupying the second most dominant acreage at 13.55%. With respect to nonfederal land, pine still was the dominant cover type at 37.35%, but hardwood forest and mixed hardwood-pine forest occupied a more dominant percentage of forestland compared with federal land, with 17.31% and 12.25% of the nonfederal land mass respectively. An analysis of diversity and evenness (Magurran 1988 , Zar 1998 ) between federal and nonfederal land within the four-county area indicated that the nonfederal land was more diverse and had a more evenly distributed acreage of cover types across all five age class distributions than the federal land within the Angelina and Sabine National Forests in East Texas (Figure 3 ; Table 8 ). Again, this is supported by historical information on National Forest management in Texas. National forest areas include only the portions located within the four-county study area. They comprise 25% of the four-county land.
Conclusions
A standardized remote sensing methodology in conjunction with ground truthing, developed to quantify the forested resources of the state of Texas, was shown to be effective in a timely and cost-effective manner using standardized and readily available data. Landsat 30-m data were used to create a land cover Federal land includes the national forest lands owned by the federal government within the four-county study area. It comprises 9.3% of the four-county land area base map for 2002 including forest and nonforest Boolean maps for the years 2002, 1997, 1992, 1987, 1984, 1980, and 1974 . Once created, the land cover maps were shown to be effective in quantifying land cover for any given year as well as effective in stratifying land cover by age class distribution for the years analyzed.
It must be noted that there can be confusion when classifying mixed forests, resulting in a lower overall map accuracy, due to low user and producer accuracy for the mixed forest class. A field plot visited by two different survey crews with the same training could end up with different classification results if the plot is neither pure pine nor pure hardwood. The mixed forest class, with its typically low accuracy, is the gray area for forestland cover differentiation. This low accuracy is common due to the natural environment or management practices in the East Texas region. The same difficulty applies to young forests during ground truthing in determining age class since natural regeneration creates a continuum in age that may lead to confusion.
From a remote sensing perspective, there is also difficulty in assessing the age class of young forest stands due to the similar spectral signatures inherent in identifying young forests. In addition, the temporal availability of usable remotely sensed data may add to age class confusion by not providing a small enough window between image acquisition dates to accurately identify the change from preharvest to green-up of a young stand. Land managers should recognize this weakness in remotely sensed assessments compared with ground-based assessments and should recognize that any age class assessment, although usable over a large geographic area, may not be applicable for small areas. Although there are limitations in any remotely sensed derived product, the land cover map accuracies achieved following the project methodology are within acceptable standards of overall map accuracy and can be used to assess land holdings at the local and county level. 
